
Predicting Protein-Protein Interactions from
Protein Domains Using a Set Cover Approach

Chengbang Huang, Faruck Morcos, Simon P. Kanaan, Stefan Wuchty,

Danny Z. Chen, and Jesús A. Izaguirre

Abstract—One goal of contemporary proteome research is the elucidation of cellular protein interactions. Based on currently available

protein-protein interaction and domain data, we introduce a novel method, Maximum Specificity Set Cover (MSSC), for the prediction

of protein-protein interactions. In our approach, we map the relationship between interactions of proteins and their corresponding

domain architectures to a generalized weighted set cover problem. The application of a greedy algorithm provides sets of domain

interactions which explain the presence of protein interactions to the largest degree of specificity. Utilizing domain and protein

interaction data of S. cerevisiae, MSSC enables prediction of previously unknown protein interactions, links that are well supported by a

high tendency of coexpression and functional homogeneity of the corresponding proteins. Focusing on concrete examples, we show

that MSSC reliably predicts protein interactions in well-studied molecular systems, such as the 26S proteasome and RNA polymerase II

of S. cerevisiae. We also show that the quality of the predictions is comparable to the Maximum Likelihood Estimation while MSSC is

faster. This new algorithm and all data sets used are accessible through a Web portal at http://ppi.cse.nd.edu.

Index Terms—Computations on discrete structures, graph algorithms, bioinformatics (genome or protein) databases, biology,

genetics.

Ç

1 INTRODUCTION

A goal of contemporary proteome research is the
elucidation of the structure, interactions, and functions

of proteins that constitute cells and organisms. Genomics
has already produced an incredible quantity of molecular
interaction data, contributing to maps of specific cellular
networks. Indeed, large-scale attempts have unraveled the
complex web of protein interactions in organisms such as
S. cerevisiae [1], [2], [3], [4], [5], [6], [7] and P. falciparum [8].
Most recently, attention focused on the first protein
interaction maps of complex multicellular organisms such
as C. elegans [9], [10], D. melanogaster [11], and H. sapiens [12].

Although large-scale experimental attempts to uncover
the complex webs of protein interactions in various
organisms are still in progress, theoretical considerations
focus on the prediction of potential protein interactions.
Pioneering methods drew on the observation that interact-
ing protein domains tend to combine into a fusion protein
[13], [14]. Another approach focused on the observation
that functionally linked proteins tend to be either preserved
or eliminated in evolution. Proteins having matching
phylogenetic profiles strongly tend to be functionally
linked [15], [16].

Investigations of the spatial protein structure suggest
that the fundamental unit is a domain. Independent of
neighboring sequences, this region of a polypeptide chain
folds into a distinct structure and mediates the protein’s
biological functionality. Comparing organisms over all
three kingdoms of life, eukaryotes increasingly tend to
have multidomain proteins, while the proteomes of bacteria
or archaea mostly provide single domain proteins [17]. Such
domain architectures govern interactions among proteins
(Fig. 1), offering a framework for prediction models.
Interaction domain pair profiles [18] assess the potential
presence of a particular interaction by clustering protein
domains, depending on sequence and connectivity simila-
rities. References [19], [20], [21] figure protein interactions
from structural relationships between domains. Another
approach estimates the maximum likelihood that domains
interact [22], [23]. Further ideas include overrepresented
domain signatures [24], [25], domain combination [26],
graph-theoretical methods [27], Bayesian networks [28],
[29], support vector machines [30], and other probabilistic
approaches [31], [32], [33].

Here, we introduce a novel method for the inference of
protein interactions. Generalizing the complex relationships
of interactions among proteins and their domain architec-
tures, we conceptualize a maximum-specificity set cover
procedure (MSSC), allowing us to determine sets of protein
domain interactions which describe the presence of protein
interactions to the largest, most specific extent. We utilize
interaction networks of proteins in S. cerevisiae and their
corresponding Pfam [34] domain architectures to determine
probabilities of putative protein interactions, allowing for
levels of sensitivity and specificity which at least match
previous methods. As for quality, our predicted interactions
correlate significantly with elevated levels of coexpression
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as well as with low distances between GO terms of
corresponding proteins. Focusing on biologically relevant
examples, we show that MSSC reliably predicts previously
unknown protein interactions in well studied molecular
systems such as the 26S proteasome and RNA polymerase
of S. cerevisiae.

2 MATERIALS AND METHODS

2.1 Protein Interactions

The first comprehensive, albeit weakly overlapping protein
interaction maps of S. cerevisiae have been provided with the
yeast-two-hybrid method [2], [3]. Currently, there exists a
variety of yeast specific protein interaction databases. Many
of them, such as MINT [35], MIPS [36], and BIND [37],
collect experimentally determined protein interactions.
PREDICTOME [38] and STRING [39] collect functional
links between proteins, derived from genome scale two-
hybrid sets, domain fusion events, phylogenetic history,
and gene proximity. These databases lack an assessment of
the data’s quality. In contrast, the GRID database, a
compilation of BIND, MIPS, and other data sets, as well
as the DIP database [40], provides sets of manually curated
protein-protein interactions in S. cerevisiae. Recently, Bader
et al. introduced a novel method for the assessment of the
quality of interactions utilizing other sources of informa-
tion, including mRNA expression, genetic interactions, and
database annotations. In particular, a logistic regression
procedure allows the reliable validation of 47,783 experi-
mentally obtained protein interactions for 4,627 proteins in
yeast [5] by a confidence score which ranges from 0 to 1. We
focus on 2,973 yeast proteins embedded in 11,368 interac-
tions which score � 0:5. DIP is a subset of Bader et al.’s
larger data set. With the confidence threshold used we have
a data set of very similar size and quality compared to DIP.

2.2 Protein Complex Data

As a source of protein complex data, we utilized a set of
minimally redundant, comprehensive complexes in yeast
[41]. These data have been obtained by integrating large-
scale experiments for the determination of yeast complexes
[42], [43] using unsupervised clustering, allowing for
1,041 curated yeast protein clusters.

2.3 Protein Domains

For our analysis, we focused on domain data retrieved from

the Pfam database, a reliable collection of multiple sequence

alignments of protein families and profile hidden Markov

models [34] (http://pfam.wustl.edu). We used Pfam ver-

sion 10.0, which contains 6,190 fully annotated Pfam-A

families. Pfam-B provides additional PRODOM-generated

[44] alignments of sequence clusters in SWISSPROT and

TrEMBL [45] that are not modeled in Pfam-A. In order to

construct the Pfam domain architecture, we browsed

swisspfam, a compilation of the domain structure of

SWISSPROT and TrEMBL proteins according to Pfam.

2.3.1 Microarray Data and Coexpression Correlation

Coefficients

Genes with similar expression profiles are likely to encode

interacting proteins [46], [47], [48]. Ideally, strongly coex-

pressed proteins should allow us to confirm the existence of

predicted protein interactions. Yet, the noisy nature of

experimental procedures for the determination of interac-

tions often impedes this goal. However, strong correlations

between gene expression data and interactions exist

primarily among proteins which are related to permanent

protein complexes. By downloading 1,051 expression

profiles of yeast from the Stanford Microarray Database

(SMD, http://genome-www5.stanford.edu), we calculated

the Pearson’s correlation coefficient rP for each pair of

interacting proteins. Provided that we find data for both

proteins over m time points, the Pearson correlation

coefficient is calculated by

rP ¼
1
m

Pm
i¼1 xiyi � �x�y

�i�j
; ð1Þ

where �x and �y are the sample means and �i and �j are the

standard deviations of i and j.

2.3.2 GO Annotation Data and GO Distance

For any two interacting proteins, we calculate an annotation-

based distance between proteins, taking into account all Gene

Ontology terms [49] (GO, http://www.geneontology.org)

that are common to the pair and terms which are specific to

each protein. Any two proteins can have several shared GO

terms (common terms) and a variable number of terms

specific for each protein (specific terms). This distance

between interacting proteins i and j is based on the

Czekanowski-Dice formula [50]:

di;j ¼
jTGOðiÞ 4 TGOðjÞj

jTGOðiÞ [ TGOðjÞj þ jTGOðiÞ \ TGOðjÞj
: ð2Þ

In this formula, TGO are the sets of the proteins’ associated

GO terms, while jTGOj stands for their number of elements

and 4 is the symmetrical difference between two sets. This

distance formula emphasizes the importance of the shared

GO terms by giving more weight to similarities than to

differences. Consequently, for two genes that do not share

any GO terms, the distance value is 1, while, for two

proteins sharing exactly the same set of GO terms, the

distance value is 0.
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Fig. 1. The fundamental units of proteins (shaded areas) are the
domains (geometrical figures), mediating a distinct structure and
biological functionality. We assume that the underlying protein domain
architectures facilitate the interactions among proteins, allowing us to
design a novel method for the inference of protein interactions in
S. cerevisiae.



2.4 Quality Measures

The quality of our interactions is assessed by comparing a
set of predicted interactions P , which exceed a certain
threshold of the prediction score, to a testing set T , a sample
of known protein interactions. Formally, we define speci-
ficity as the ratio of the number of matched interactions
between predictions P and the testing set, T , over the total
number of predicted interactions in P , Sp ¼ jP\T jjP j . In turn,
we define sensitivity as the ratio of the number of matched
interactions between P and T over the total number of
observed interactions in the testing set T , Sn ¼ jP\T jjT j . Thus,
these metrics are dependent on the choice of the testing set
as well as the prediction score threshold.

3 PREVIOUS PREDICTION METHODS

In order to have an estimate of the quality of our
predictions, we compare the performances of our prediction
method and previous methods. In the following, we will
give a brief description of the most relevant algorithms that
utilize protein interactions and their corresponding domain
profiles to predict protein interactions in S. cerevisiae.

3.1 Association Method (AM)

The association method [24] assigns an interaction
probability

Prðdm; dnÞ ¼
Imn
Nmn

; ð3Þ

to each domain pair ðdm; dnÞ. Imn is the number of interacting
protein pairs that contain ðdm; dnÞ, and Nmn is the total
number of protein pairs that contain ðdm; dnÞ.

3.2 Maximum Likelihood Estimation (MLE)

The maximum likelihood estimation method (MLE) [22]
assumes that two proteins interact if at least one pair of
domains of the two proteins interacts. Assuming that
interactions between different domain pairs are indepen-
dent, the probability of a potential interaction between a
protein pair ðPi; PjÞ is

PrðPij ¼ 1Þ ¼ 1�
Y

ðdm;dnÞ2ðPi;PjÞ
ð1� �mnÞ; ð4Þ

where �mn denotes the probability that domain dm interacts
with domain dn. Application of MLE [22] achieved 42.5 per-
cent specificity and 77.6 percent sensitivity on a combined
yeast protein interaction set compiled from [3], [2]. The
Expectation-Maximization (EM) algorithm was used to
maximize the likelihood. We implemented MLE and EM to
test against MSSC. Details of the method and its implemen-
tation, and access to the source code are found in the
supplementary material Web site, http://ppi.cse.nd.edu.

4 MAXIMUM SPECIFICITY SET COVER (MSSC)

Here, we present a novel method to predict protein-protein
interactions. In our algorithm, we model protein interac-
tions as being explained by the presence of distinct families
of protein domain interactions. Assuming that interactions
between different domain pairs are independent, we

conceptualize the intricate interplay between protein inter-
actions, architecture of domains, and their interactions as a
generalized weighted set-cover problem, aiming to find a
set of domain pairs which “covers” the given protein-
protein interactions to the largest extent.

4.1 General Set Cover Problem

Suppose X is a finite set and F is a family of subsets of X
that can cover X, i.e., X ¼

S
S2F S. The set-cover problem is

to find a subset C of F to cover X,

X ¼
[

S2C
S; ð5Þ

and C is also required to satisfy certain conditions according
to specific problems. For example, the minimum exact set-
cover (MESC) problem requires that

P
S2C jSj is minimized

while the minimum set-cover (MSC) problem is to find a C
with minimum cardinality jCj [51], [52].

We generalize the set-cover problem by enclosing X into
a bigger set Y (Fig. 2). Suppose Y is a finite set, X � Y and
F is a family of subsets of Y that can cover X, i.e.,
X �

S
S2F S. The generalized set-cover problem is to find a

subset C of F to cover X,

X �
[

S2C
S; ð6Þ

and C is also required to satisfy certain conditions according
to different specific problems, as before.

4.2 Concept of Protein Interactions as a Set Cover
Problem

Solving the protein-protein interaction problem, we map
the complex relationships between interactions of proteins
and their domain architectures to a set-cover problem. The
experimentally known protein-protein interaction network
is modeled by a graph G ¼ ðP;EÞ, where P is the set of
proteins (vertices), while E is the set of interactions (edges).
Formally, the protein interaction network is represented as
a set-cover problem by defining

Y ¼ fall protein pairs ðPi; PjÞ j Pi; Pj 2 Pg;
X ¼ fprotein pairs ðPi; PjÞ j Pi interacts with Pj in Gg;

and F is the set of all domain pairs ðdm; dnÞ (see Fig. 3 for a
schematic representation of these relations). A domain pair
ðdm; dnÞ is viewed as a subset of Y . Specifically, if a protein
pair ðPi; PjÞ (an element in X) contains ðdm; dnÞ, then ðPi; PjÞ
belongs to the subset ðdm; dnÞ. In Fig. 4, we show an
illustration of all possible domain pairs that can cover a

HUANG ET AL.: PREDICTING PROTEIN-PROTEIN INTERACTIONS FROM PROTEIN DOMAINS USING A SET COVER APPROACH 3

Fig. 2. The generalized set cover problem: X is a subset of Y and

F ¼ fSi; 1 � i � tg is a family of subsets of Y .



protein interaction, elements in a domain pair. Some of the
elements (protein pairs) are given interactions. Suppose we
find a subset C of F to cover every element ðPi; PjÞ in X. An
element in C corresponds to a domain pair ðdm; dnÞ. If
ðdm; dnÞ covers ðPi; PjÞ, then the two proteins Pi and Pj
contain dm and dn, respectively; so, ðdm; dnÞ can be used to
represent the interaction between Pi and Pj. Therefore, we
also have a set of domain pairs to represent the protein
network G. On the other hand, suppose there is a set D of
domain pairs to represent the network G. For every element
ðPi; PjÞ in X, there is a domain pair ðdm; dnÞ from D to
represent the interaction between Pi and Pj. Since ðdm; dnÞ
can be viewed as an element in F , the collection C of all the
domain pairs from D is a subset of F , and C covers X.

4.3 MSSC Approach

There are many ways to choose domain pairs to represent
the protein interaction network. AM simply uses all possible
domain pairs to explain protein-protein interactions, i.e., it
uses F to cover X, resulting in a very low specificity [22].
We are interested in finding a subset of domain pairs which
allows us to represent the protein-protein interaction net-
work by maximizing both the specificity and sensitivity on
the training set.

The MSSC problem is to find a subset C of F to cover X
such that

mðCÞ :¼
X

S2C
jS �Xj ð7Þ

is minimized.
We can see that MSSC allows the subcover C to cover the

overlap with X, while the overlap with Y �X (outside X) is

minimized, an optimization constraint that allows MSSC to
maximize the specificity of the chosen cover because false positives
are considered to appear only in Y �X. Allowing a fast and
efficient computation of the required set, we choose a
greedy algorithm (Algorithm 2) as the basic routine for
MSSC. We compared MSSC to MSC and MESC and we
found that MSSC gives vastly superior results to MSC and
similar or better results than MESC. In this paper, we only
show results of MSSC.

Algorithm 1: Greedy algorithm for MSSC. Allows the

determination of a subset of domain pairs (F ) that covers

the underlying training set of protein interactions (X) with

maximum specificity since false positives are considered to

appear in Y �X, where Y is the set of all protein pairs.

U represents the uncovered part of X. E is the subset of F
that has not been chosen by the algorithm.

In this algorithm, at each step when a subset needs to be
chosen, we choose the one whose ratio between the part
outside X and the part inside U is minimized (Fig. 5).

The above greedy algorithm is just an approximation
and the solution found by it has the following relationship
with the optimal solution of MSSC:

Theorem 4.1. Suppose Ca is the approximation of MSSC found
by the above greedy algorithm and Co is an optimal subcover for
MSSC. Let k ¼ maxS2F jSj. If mðCoÞ ¼ 0, then mðCaÞ ¼ 0;
otherwise, we have

mðCaÞ
mðCoÞ

� ½lnðk� 1Þ þ 1�: ð8Þ
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Fig. 3. Transforming protein interactions into a set cover problem: The

big set Y is taken to be the set of all potential protein pairs, the subset X

is taken to be the set of the given protein-protein interactions, and the

family F is taken to be the set of all the domain pairs.

Fig. 4. Each domain in the domain pair (D1; D2) is contained in a list of
proteins. ðD1; D2Þ, is a subset of Y , the set of all protein pairs. As such,
ðD1; D2Þ covers those protein pairs, where some indeed interact (solid
lines). Our algorithm seeks the best cover that explains the interactions
to the largest extent.

Fig. 5. The shaded area is already covered by C. U is the unshaded area
in X. The candidate set S is divided into four parts, a, b, c and d. MSSC
chooses a set S with the minimum bþc

a . The greedy algorithm for MSSC
allows overlapping of subcover inside X, actually increasing the
interaction probability for a protein pair.



The proof of Theorem 4.1 can be found on the
supplementary material Web site and in [53]. The theorem
shows the relationship between the approximation by
GREEDY_MSSC and an optimal solution. If k is small, the
difference between them is small too. In this theorem, k is
the maximum number of elements a subset can have and it
corresponds to the maximum number of protein pairs that
contain a domain pair in the protein network.

When X ¼ Y , MSSC is reduced to MSC, which is well
known to be NP-hard. In the case of MSC, a logarithmic
approximation is the best known approximation.

4.4 Prediction

Once the domain pairs are chosen by MSSC, each pair is
assigned the same interaction probability as in AM (3),
while unchosen domain pairs are given an interaction
probability 0. Subsequently, (4) is used to calculate the
interaction score for each putative protein pair (between 0
and 1).

5 RESULTS

In Table 1, we briefly describe the input sets used for
training and testing sets that are used to generate the

figures in this section. These data sets and the predictions

are available from http://ppi.cse.nd.edu. We refer to these

data sets in the following sections by the number in this

table.

5.1 Comparison of Performance

We compare the ability of MSSC to predict protein-protein

interactions against AM and MLE utilizing Data Set I (see

also Section 2). In particular, we pool 80 percent of these

protein interactions in a training set, while the remainder

serves as the test set. We use the training set of protein

interactions to determine a set of potential domain interac-

tions which allow the description of the interactions in the

testing set to the largest specific extent (see Section 2).

Fig. 6a shows that the predictions using MSSC and MLE are

very similar, highlighting that, in regions of elevated

specificity, MSSC and MLE predictions provide higher

sensitivity than AM. We also observe that MLE does not

have any predicted set when the specificity is high enough

(between 60 percent and 100 percent). However, the main

advantage of MSSC is speed. MSSC only needs 73 seconds

to provide these results. In contrast, MLE ran for more than

HUANG ET AL.: PREDICTING PROTEIN-PROTEIN INTERACTIONS FROM PROTEIN DOMAINS USING A SET COVER APPROACH 5

TABLE 1
Data Sets Used to Generate Figures in This Paper

The first three rows are partitioned into disjoint training and testing sets using the ratio 80 percent:20 percent, respectively. The last two entries are
testing sets only, which use as a training set the whole of the first row.

Fig. 6. (a) Utilizing 80 percent of high quality pairwise interactions of yeast as the training set while the remainder provides the testing set, MLE and
MSSC show similar specificity versus sensitivity curves. Randomly sampling 80 percent out of the pool of pairwise interactions (Data Set I in Table 1)
as training sets and averaging over 10 realizations, we observe that the fluctuations in the predictions utilizing MSSC are small, and the differences
between MSSC and MLE, on one hand, and AM, on the other hand, are statistically significant (inset). (b) Evaluating the quality of predictions with
the MSSC and MLE algorithms, we utilize 80 percent of yeast interactions of Bader et al. (Data Set I) as a training set while the remainder serves as
testing set. Compared to a set of random chosen pairs of yeast proteins, we observe that the distributions of coexpression correlation coefficients
allowing the characterization of the quality of predicted interactions significantly shift toward high levels of coexpression (tMLE ¼ 30:6, P � 10�15;
tMSSC ¼ 29:7, P � 10�15). Despite significant different means (t ¼ 4:4; P < 10�7), the differences between predictions as of the MSSC and MLE
algorithm only differ marginally. Similarly, the comparison of GO distances to a random background distribution differs significantly (inset,
tMLE ¼ 28:1; P � 10�15; tMSSC ¼ 45:9; P � 10�15) while we find no large differences in the distributions of GO distances of predictions between
MSSC and MLE algorithm (t ¼ 7:9; P < 10�14).



6 hours; this is due to the iterative nature of the MLE
method.

In the inset of Fig. 6a, we demonstrate that sensitivity
and specificity obtained from randomly sampling training
and testing sets are widely invariant. In particular, we
randomly sample Data Set I interactions into two disjoint
sets (80 percent:20 percent). Taking the larger sample as the
training set and averaging over 10 realizations, we obtain
small fluctuations in the corresponding specificity/sensi-
tivity behavior of the predictions (inset, Fig. 6a). This shows
that the difference between AM and MSSC or MLE is
statistically significant.

The low sensitivity in the case of disjoint training and
testing sets is rooted in the fact that interactions in the
training and testing set do not share many domain pairs.
Although AM allows many more domain interactions by
choosing all the domain pairs between the interactions in
the training set, this algorithm only reaches 42 percent
specificity at best. In other words, about 58 percent of
interactions in the testing set do not have any domain pairs
in common with the training set, encouraging Han et al. [26]
to exclude those to get higher sensitivity. A different
assessment of the prediction quality is the tendency of
interactions toward coexpression and functional homoge-
neity of the interacting proteins. As a background set, we
randomly sampled 100,000 protein pairs. Utilizing coex-
pression data of yeast proteins (see Section 2), we calculated
coexpression correlation coefficients of each pair, allowing
us to obtain a bell-shaped frequency distribution peaking
around 0.5. If there exists a correlation between the presence
of an interaction between a pair of proteins and their
coexpression, we expect a shift to higher expression
coefficients. In Fig. 6b, both MSSC and MLE significantly
provide an enrichment of coexpressed interacting proteins.
Assuming that the observed distributions have roughly the
same variance, we apply a Student’s t-test to uncover
possibly different means of the predicted coexpression
profiles. Compared to the random background distribution,
we find that both sets of predictions significantly differ in
their means, while the differences between predictions, as
of the MSSC and MLE algorithm only differ marginally.
Similarly, interacting proteins tend to share Gene Ontology
(GO) terms, another observation which qualifies as a
measure of the predictions quality. Indeed, t-student test
scores indicate that the comparison of GO distances (see
Section 2) of the predicted interactions differ significantly
from the random sample of protein pairs, while we find no
large differences in the distributions of GO distances of
predictions between MSSC and MLE (inset, Fig. 6b).

5.2 Results with Complex or Physical Interactions

We assume that the nature of the underlying interactions in
our training set might have a considerable impact on the
predictive ability of our algorithm. In particular, we expect
that interactions which only occur in protein complexes will
allow us to obtain different levels of quality compared to
predictions obtained with physical interactions. We use
Data Set II, a well-integrated and curated set of 1,041 protein
complexes that have been compiled from large-scale
experiments [42], [43]. Data Set II is obtained by splitting
Data Set I into a set of interactions that exclusively occur in

complexes only. We consider the remainder as physical
interactions (Data Set III). Utilizing samples of 80 percent of
interactions in each subset as training data while the
remainder serve as testing sets, we observe that protein
interactions we obtained from complexes provide higher
sensitivity than physical interactions (Fig. 7). In Fig. 8a, we
compare the predicted interactions sets to the random
chosen pairs of yeast proteins: Both distributions of
coexpression correlation coefficients significantly shift
toward high levels of coexpression. In particular, predic-
tions obtained with physical interactions slightly shift
stronger toward higher coexpression. As for differences in
GO annotations, predictions obtained with complex inter-
actions differ more from a random background distribution
than predictions obtained with physical interactions. Pre-
dictions also provide considerable differences between each
other, allowing us to conclude that the nature of the
underlying training set of interactions impacts the func-
tional homogeneity of predictions.

Focusing on predicted interactions that score above a
confidence score greater than 0.5 (see Section 2.1), we
observe a much improved picture (Fig. 8b). In particular, we
observe strong shifts toward higher coexpression, results
which are supported by significant t-test values when
compared to the random background distribution. Compar-
ing these predictions with each other, we observe that the
means of the distributions are similar. We obtain a similar
picture with respect to GO distances between the predicted
interacting proteins, where both sets show a strong shift
toward low GO distances (inset, Fig. 8b).

5.3 26S Proteasome and RNA Polymerase II

As concrete examples that offer support for the strength
of our predictions, we chose 26S proteasome and RNA
polymerase II holoenzyme as representative examples
(Data Sets IV and V, respectively). Both protein complexes
are well-studied molecular systems for which the three-
dimensional structure is well known [48]. In particular, we
chose the complete Data Set I as training set, allowing us to
find interactions that are expected (being in the training set)
and predicted. In Fig. 9, we show interaction maps of the
respective examples. The 26S proteasome consists of the 20S
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Fig. 7. Differentiating between protein interactions that belong to protein
complexes and physical protein interactions, we utilize 80 percent of
each set as the training set while we test our predictions with the
remaining interactions in each set. Interestingly, we observe that
predictions obtained with complex interactions outscore their physical
counterpart in terms of sensitivity and specificity.
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Fig. 8. We expect that the nature of the underlying protein interactions in yeast will have a significant effect on the quality of the predictions with the
MSSC algorithm. In particular, we chose 80 percent of physical and complex interactions as training sets while the remainder served as testing sets.
(a) We consider all predictions regardless of the corresponding interaction probability. Compared to a set of randomly chosen pairs of yeast proteins,
we observe that both distributions of coexpression correlation coefficients significantly shift toward high levels of coexpression (tphysical ¼ 22:9,
P � 10�15; tcomplex ¼ 50:7, P � 10�15). Comparing predictions obtained with physical and complex interactions, we observe that predictions obtained
with physical interactions exhibit a slightly stronger shift toward higher coexpression (t ¼ 13:4, P � 10�15). As for differences in GO annotations, we
observe that predictions obtained with complex interactions differ more from a random distribution than predictions obtained with physical
interactions (tphysical ¼ 6:7, P < 10�11; tcomplex ¼ 33:3, P � 10�15). Predictions also provide considerable differences between each other (t ¼ 12:7,
P � 10�15). (b) Accounting for predicted interactions that score above P � 0:5, we observe strong shifts toward higher coexpression, results which
are supported by significant t-test values when compared to the random background distribution (tphysical ¼ 9:0, P � 10�15; tcomplex ¼ 20:6,
P � 10�15). Comparing these predictions with each other, we observe that the means of the distributions are similar (t ¼ 1:9, P ¼ 5:6� 10�2). We
obtain a similar picture with respect to GO distances between the predicted interacting proteins, where both sets show a strong shift toward low GO
distances (inset). While we find significant differences to the random background distribution (tphysical ¼ 5:5, P ¼ 3:4� 10�8; tcomplex ¼ 7:2,
P ¼ 6:3� 10�13), distributions of predicted interactions are very similar (t ¼ 0:15, P ¼ 0:87), allowing us to conclude that the nature of the underlying
training set of interactions impacts the functional homogeneity of predictions.

Fig. 9. Predicted and expected interactions in the (a) 26S proteasome and (b) RNA polymerase II. In particular, we chose the complete set of high
quality interactions as a training set, allowing us to find interactions that are both expected (i.e., in the training set) and predicted (green lines),
expected but not predicted (yellow), and predicted but not expected (red lines). In particular, interactions in both subunits of the 26S proteasome, in
the 20S and 19/22S proteasome, and among the subunits of the RNA polymerase II are well predicted by MSSC (202 matches, 77 missed, and
101 new). In contrast, we find many predicted interactions between the subunits of the proteasome while we do not find many interactions among the
larger Kornberg’s mediator (SRB) complex of the RNA polymerase II holoenzyme (59 matches, 167 missed, and 12 new). In the lower panel, we
show coexpression correlations of the different types of interactions, illustrating the strong shift to coexpression for these complexes compared to a
background distribution, in agreement with results from [48]. Interaction graphs in panels (a) and (b) were created with Cytoscape.



and 19/22S subunit, a distinction that is well reflected by an
accumulation of protein interactions that are both expected
and predicted by MSSC. MSSC also predicts many interac-
tions between the two subunits. As for coexpression
correlations of the expected and predicted interactions, we
find that the coexpression patterns not only resemble each
other but assemble at high values. In the case of the RNA
polymerase II complex, we find excellent agreement of our
predictions with interactions that appear between the
subunits of the polymerase. However, we do not find many
interactions among the larger Kornberg’s mediator (SRB)
complex, a consequence of the absence of any information
about the Pfam domain composition of a large majority of
involved proteins. Coexpression patterns of the different
types of links resemble each other. Links that have been
predicted by MSSC but are not expected peak at high values
of coexpression, which signals the presence of protein self-
interactions.

6 DISSEMINATION

We created a Web portal for protein-protein interaction,
http://ppi.cse.nd.edu. The portal provides a means for
predicting and analyzing interactions using the prediction
methods MSSC, AM, and MLE. All input and output data
sets described in this paper and the source code can be
downloaded too. The portal allows the user to create or
download protein interaction data sets, calculate quality
metrics for predicted protein pairs, predict interactions, and
analyze the PPI program output. This consists of the ability
to view and download a Sensitivity versus Specificity plot,
and search individual protein names to get a list of all of its
interactors.

7 DISCUSSION

In this paper, we showed a new way of integrating protein
interaction and domain data, ultimately allowing us to
predict previously unknown protein interactions. By design,
our MSSC approach selects a set of domain pairs that both
cover the experimental observations and maximize the
specificity in the training set. Our results indicate that there
is a strong correlation between high specificity in high quality
training sets and high specificity in realistic testing sets.

In comparison, MSSC at least reaches the level of
specificity and sensitivity of MLE and it is faster than
MLE. The specificity and sensitivity of MSSC (and MLE) are
consistently higher than those of AM. Even though
improved versions of AM exist, we think that MLE is, in
a way, the optimal algorithm, given our assumptions. MSSC
is an attractive alternative, of similar quality but faster
execution time.

As a proof of concept, we observe that predicted
interactions tend to be coexpressed and exhibit small
distances between the involved proteins GO terms. Although
our results are encouraging, we are aware of limitations. As
the example of the 26S proteasome shows, we observe that
our algorithm only allows predictions between proteins with
a well-known domain architecture as well as known
interactions among the respective domains. In our approach,
we do not account for any three-dimensional information but

infer potential domain interactions by counting the occur-
rence of all possible domain pairs that the domain architec-
tures of interacting proteins imply, a method that, by
definition, risks an elevated level of noise in the determina-
tion of potential domain interactions. Accordingly, the error
proneness of protein interactions in the respective training
sets is another source of potential noise, impacting the quality
of predictions. As such, a further improvement of the
algorithm will focus on the systematic integration of high
quality interaction data as well as selection steps of reliable
domain interactions in order to ensure highly reliable
predictions. Once large-scale protein interaction sets of
organisms other than S. cerevisiae are available, we expect
that our algorithm will significantly contribute to the
elucidation of complete organism-specific interactomes.
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